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Abstract 
Publicly available electrical generation and interconnector data is combined to create a half-
hourly dataset for Great Britain’s electrical demand. The method uses Elexon data for power 
plants connected at the transmission level, monitored as part of the balancing mechanism, 
and combines these with the estimates for embedded generation for solar and wind 
generation from the system operator National Grid. The resulting dataset therefore has both 
transmission connected and distribution connected generation. Finally, to arrive at a closer 
representation of Great Britain’s demand rather than its generation, the net imports are 
calculated from summing the values of all imports and exports. The resulting dataset termed 
ESPENI (Elexon Sum Plus Embedded Net Imports) keeps within 11% of the official quarterly 
values from BEIS, which include autogeneration that is not publicly available. The datasets are 
presented in both a cleaned and raw form and have been parsed to provide UTC and localtime 
columns to be more easily utilised by a wider group of researchers. 
 
Background & Summary 
Since 2009 market frameworks in Britain have encouraged an increase in electrical generation 
from wind, solar and biomass and a decrease from fossil-fuels, in particular, a near complete 
shift away from coal generation. A significant contributory factor was the reduction in the 
overall electrical demand by about 50 TWh (15%) between 2010 and 2019. The data that 
underlies this top level analysis is publicly available, and the value the data has for a wider 
research community and for public engagement is becoming increasingly clear. Greater 
research and public interest in net-zero transitions, climate change and in new technologies 
for transport and heating suggest that energy systems data will continue to gain in importance 
to evidence the ongoing wider discussion about future energy systems. 
 
In all electrical grids, data is required to allow the electrical system operator to monitor and 
balance the network in real-time. In Great Britain, transmission connected electrical 
generation plants have to agree to a code of practice defined in the balancing and settlement 
code1,2. In practice, this means that transmission connected generators are required to inform 
the system operator, National Grid, of their planned and then their actual generation, so that 
the electrical system can be kept in balance at all times. The target is to keep the system 
frequency in a stable band around 50 Hz3. 
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Figure 1 - Great Britain's changing fuel supplies for electrical generation from 2009 - 2019 
This forecast and metered data from generators is shared with National Grid for the purposes 
of real-time balancing is also shared with Elexon (a wholly owned subsidiary of National Grid). 
Elexon uses this data to account for and bill those parties that did not meet their forecast 
values for generation or demand in a given settlement period, thus causing an imbalance, and 
pay those parties that helped to bring to the system back into balance. In simple terms, 
National Grid is focussed on keeping the power flows in the electrical system in balance in real 
time, then post-hoc, Elexon is focussed on managing the flow of funds between generators 
that caused an imbalance and those that helped to bring the system back into balance. 
 
After signing up to Elexon’s data platform4 (there is no charge for this), the data that Elexon 
makes publicly available can be downloaded either manually5, or using an API with a code 
assigned to the login account using the Balancing Mechanism Reporting Service6. These data 
underpin numerous detailed research and analyses of Great Britain’s energy systems7–24,24–
49,49–61, public facing websites62–65 and is useful in teaching and learning for energy systems 
courses and modules. 
However, a growing limitation of the Elexon data is that it does not include values for 
distributed generation. 
 
The method presented here reduces this limitation by combining another publicly available 
dataset from National Grid through their ‘data explorer’ webpage66. This dataset contains data 
with the names ‘embedded solar generation’ and ‘embedded wind generation’. Summing 
these with the Elexon transmission connected data provides a more complete picture of the 
generation at any given half-hourly settlement period. An alternate solar dataset can be 
downloaded using an API from Sheffield Solar (https://www.solar.sheffield.ac.uk/pvlive/), as 
this also underpins the National Grid solar data. However, a distributed wind dataset only 
seems to be available through the National Grid website download. 
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In addition to combining the transmission connected generation from Elexon and the 
distributed generation from National Grid, the imports are netted off to provide a more 
accurate representation of the electrical demand of Great Britain rather than simply its 
electrical generation. This dataset is called ESPENI which stands for Elexon Sum Plus 
Embedded Net Imports. 
 
It is hoped that sharing these datasets allows researchers to concentrate their time on other 
aspects of data analysis, rather than having to repeat the effort in parsing the data to provide 
a UTC and localtime value for each data point, and combine different years into a single 
dataset. 
 
Methods 
The method to create the ESPENI dataset combines a publicly available dataset from Elexon 
and another from National Grid. These are used to create an ESPENI dataset in both cleaned 
and raw form that can be downloaded from zenodo 
https://doi.org/10.5281/zenodo.388485867 
 
The data is available at a resolution of half-hourly settlement periods. There are 48 half-hourly 
settlement periods in a normal day, and due to clock changes for British Summer Time, there 
are 46 in a short day in the last Sunday in March (clocks go forward an hour) and 50 in a long-
day in the last Sunday of October (clocks go back an hour). 
 
Elexon data 
Elexon data can be manually downloaded from the ‘Generation by Fuel Type - Historic HH’ 
webpage5 on Elexon’s portal4. It can also be scripted to be downloaded from Elexon, details 
on scripting can be found on Elexon’s website68. The raw data are packaged in annual files 
that can be added to a basket and then downloaded in bulk. 
 
The files are comma separated text files with a header row encoded using the 8-bit unicode 
transformation format (utf-8). 
 
• The fuelhh_2008.csv file contains 15 columns with the header row containing the 
text: #Settlement Date, Settlement Period, CCGT, OIL, COAL, NUCLEAR, WIND, PS, NPSHYD, 
OCGT, OTHER, INTFR, INTIRL, INTNED, INTEW  
• The fuelhh_2020.csv file contains 17 columns with the header row containing the 
text: #Settlement Date, Settlement Period, CCGT, OIL, COAL, NUCLEAR, WIND, PS, 
NPSHYD, OCGT, OTHER, INTFR, INTIRL, INTNED, INTEW, BIOMASS, INTNEM 
• The additional column ‘BIOMASS’ appeared in the fuelhh-2017.csv file and the column 
‘INTNEM’ appeared in the fuelhh_2018.csv file. 
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Table 1 - Elexon fuelhh manual downloads column descriptions 
Column 
header Format Description 
Min 
Value 
Max 
Value 
#Settlement 
Date YYYY-mm-dd Date column in year-month-day format 
2009-
11-05 
2020-
05-22 
Settlement 
Period Integer 
Settlement Period from 1 to 48 (note 
values 1-9 are single character values) 1 50 
All values for generation listed below are aggregated by fuel type or interconnector and 
are the average power over the settlement period in MW 
CCGT Integer Combined Cycle Gas Turbine generation 0 27131 
OIL Integer Oil generation 0 2646 
COAL Integer Coal generation 0 26044 
NUCLEAR Integer Nuclear generation 0 9342 
WIND Integer Transmission connected wind generation 0 13703 
PS Integer 
Pumped storage generation. When 
pumped storage is a net demand (i.e. this 
should be a negative number) it is 
reported as a zero value. 
0 2660 
NPSHYD Integer Non pumped storage hydro generation 0 1403 
OCGT Integer Open Cycle Gas Turbines 0 716 
OTHER Integer 
Originally contained the values for 
BIOMASS, after 2017-11-01 
20:30:00+00:00 the values no longer 
contained the BIOMASS category. 
Contains landfill generation 
0 2441 
INTFR Integer Interconnector France 0 3322 
INTIRL Integer Interconnector Ireland 0 402 
INTNED Integer Interconnector Netherlands 0 1318 
INTEW Integer Interconnector East West 0 542 
BIOMASS Integer 
Biomass generation. Values started on 
2017-11-01 20:00:00+00:00 prior to this 
they were contained within the OTHER 
category 
0 3204 
INTNEM Integer Interconnector NEMO 0 1766 
 
The data starts from 2008-11-05 settlement period 43. As each standard day has 48 half-hourly 
settlement periods (short days have 46 and long days have 50), each year should therefore 
have 17520 rows of values for a non-leap year, and 17568 for a leap year. However, years 2018 
and 2019 were found to have only 17519 rows, as the final row of each year was missing from 
the manually downloaded files. The values in the fuel type columns are in power (MW) and if 
needed these can be changed to energy (MWh) by dividing by 2, as the settlement periods 
have a duration of 30 minutes. 
 
The data is of high quality, as there are no repeat rows and very few errors in the fuel type 
columns. However, as shown in Table 1 the Minimum value of all the MW values is 0, which 
suggests errors for categories such as the CCGT and Nuclear columns that have never been at 
a zero output. 
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After the yearly Elexon fuelhh csv files had been downloaded, they were combined to create 
a single dataframe with a row for each settlement period. There is no time data in the raw 
data, only the date, and the settlement period. The data was therefore parsed to create utc 
and localtime values, which allows subsequent timeseries analysis to be undertaken at a sub-
daily level. 
 
The first steps to prepare the data to create a timeseries were:  
 
1. To change all column header text to uppercase, to strip whitespace, to replace the # 
character before the Settlement date text, and replace any spaces with an underscore 
character. 
2. To change the SETTLEMENT_PERIOD column to text and prepend a character 0 to the 
single digit values. This creates text values from 01 to 50 in the SETTLEMENT_PERIOD 
column. 
3. To create an additional column called SDSP_RAW (SDSP is an acronym for 
SETTLEMENT_DATE and SETTLEMENT_PERIOD) that joins the values in the date and 
settlement period columns using an underscore character. This creates a column of 
text values such as 2020-01-19_09 
4. There should only be one row of values for each SETTLEMENT_DATE and 
SETTLEMENT_PERIOD. As of 2020-05-28 there were no duplicates indicating the high 
quality of the raw data. 
5. The SDSP column is simply a text column and was used to sort the other columns as a 
checkstep regardless of how the csv files were read into memory and appended. 
6. A final step was to reset the index. 
 
Although this type of parsing can be coded in many programming languages (e.g. R, fortran90), 
the Energy Data Analytics Group predominantly uses python and pandas to undertake this 
type of parsing due to the inbuilt libraries for datetime analysis and string manipulation. 
 
A typical snippet of code in python to accomplish the above parsing is: 
 
# uppercase for all columns and strip whitespace 
df = df.rename(columns=lambda x: x.upper().strip().replace('#', '').replace(' ', '_')) 
df['SETTLEMENT_PERIOD'] = df['SETTLEMENT_PERIOD'].astype(str).str.zfill(2) 
# SDSP = SETTLEMENT_DATE, SETTLEMENT_PERIOD: used as a check for duplicates and merging 
df['SDSP_RAW'] = df['SETTLEMENT_DATE'] + '_' + df['SETTLEMENT_PERIOD'] 
df.drop_duplicates(subset=['SDSP_RAW'], keep='last', inplace=True) 
df.sort_values(by=['SDSP_RAW'], ascending=True, inplace=True) df.reset_index(drop=True, 
inplace=True) 
 
All non-fuel type columns were given a prefix of ‘ELEXM_’ to denote that the column contained 
values from Elexon. 
All fuel type columns were given a prefix of ‘POWER_ELEXM_’ and a suffix of ‘_MW’ to denote 
that the column contained values for power from Elexon and these were in units of MW. 
 
Creating datetime columns 
The next step was to create datetime aware columns in utc and in localtime from the date and 
settlement period values. After several attempts to create utc and localtime time values for 
each dataset, a more robust and quicker method was to put the computational effort into 
creating a masterdatetime.csv text file using a separate piece of code 
(https://github.com/iagw/masterdatetime.git). This masterdatetime csv was then read into 
each dataset and used to create dictionaries using the ‘SDSP_RAW’ text for every half-hourly 
period as the key (e.g. 2020-01-19_09). One dictionary had the SDSP_RAW keys matched to 
utc values; another dictionary had the SDSP keys matched to localtime values. New columns 
were then created in the dataframe by mapping the SDSP_RAW values to the keys in the 
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dictionaries to give the UTC or localtime value, a direct 1:1 relationship that provided a robust 
and repeatable method of creating datetime values. Other than the datetime aware elements 
of the separate code to create the masterdatetime.csv, the values for utc and localtime were 
kept as strings, and therefore any manipulation, sorting and mapping could be done using text 
manipulation. In python/pandas the datetime strings can be made into time zone aware 
datetimes for further analysis when required. 
 
A limitation of the data from the manually downloaded Elexon source is that the values have 
been pre-parsed to have a minimum floor value of zero, meaning there are no negative values 
in the data. This makes sense from the perspective of generation, where a value should not 
be negative, but means that the values for net exports over the electrical interconnectors are 
not fully captured. The values for each of the interconnectors is therefore taken from the 
National Grid dataset that does contain these negative values. The interconnector columns 
were dropped from the Elexon data and therefore do not appear in the merged ESPENI 
dataset. 
 
On 2017-11-01 the Elexon fuel type category OTHER was split into two categories: OTHER and 
BIOMASS. Prior to 2017-11-01 the BIOMASS category was understood to be a fraction of the 
OTHER fuel type category. The average % of the BIOMASS fraction in the sum of BIOMASS and 
OTHER values post 2017-11-01 was calculated as 95%. This value was therefore used to split 
the pre 2017-11-01 OTHER category into BIOMASS (95% of the value) and OTHER (5% of the 
value). In the ESPENI dataset, the ‘POWER_ELEXM_OTHER_POSTCALC_MW’ and 
‘POWER_ELEXM_BIOMASS_POSTCALC_MW’ use the calculated values prior to 2017-11-01 
and use the reported values for OTHER and BIOMASS after 2017-11-01. 
 
A final step of the initial parsing of the Elexon files was to create a column called ROWFLAG 
with all values set to 1, so that each SDSP_RAW row had an associated value that could be 
manually toggled to zero during visual inspection of the data, indicating a visually identified 
error in that row. 
 
National Grid data 
This data can be manually downloaded from National Grid’s data explorer website66 
(https://demandforecast.nationalgrid.com/efs_demand_forecast/faces/DataExplorer) via 
several csv files. 
 
The method to parse National Grid data was similar to the method for Elexon data. The only 
significant difference in the approach was the parsing of the date values. For the earlier years 
of National Grid data, these were in the format 01-Apr-2012 that had a capital letter for the 
initial letter in the three letter month text. However, from the 2015 dataset onwards the 
values had the month text fully in capital letters e.g. 01-JAN-2015. Therefore, after all the 
values were appended into a single dataframe by reading in the different csv files, the date 
column was changed to all upper characters, then parsed to a 2015-01-01 format. This was 
then combined with the National Grid settlement period to create the SDSP_RAW column, 
which was used to map UTC and localtime columns in exactly the same way as the Elexon data. 
 
The columns from the National Grid data required to create the ESPENI dataset were: 
‘EMBEDDED_WIND_GENERATION’, ‘EMBEDDED_SOLAR_GENERATION’, ‘FRENCH_FLOW’, 
BRITNED_FLOW’, ‘MOYLE_FLOW’, ‘EAST_WEST_FLOW’, ‘NEMO_FLOW’. 
All other power columns were dropped as they would not appear in the merged ESPENI 
dataset. 
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All columns were given a prefix of ‘POWER_NGEM_’ and a suffix of ‘_MW’ to denote that the 
column contained values for power from National Grid and these were in units of MW. 
 
A final step of the initial parsing of the National Grid files was to create a column called 
ROWFLAG with all values set to 1, so that each SDSP_RAW row had an associated value that 
could be manually toggled to zero during visual inspection of the data, indicating a visually 
identified error in that row. 
 
Error detection 
The methodology for error detection for both datasets was similar. Using the ‘ROWFLAG 
column that had been added with every value set to 1, the timeseries data were then visually 
checked by plotting on a chart and viewed a week at a time; the x-axis showed datetime values 
and the y-axis showed power values Figure 2. When an error was found the corresponding 
‘ROWFLAG’ row was changed in the dataset from a value of 1 to a value of 0. In many cases an 
erroneous datapoint would affect several categories for the same settlement period and for 
this reason, when a row was flagged as having an error, it was used to impute new values for 
all categories in that row, rather than having an individual flag per each data point i.e. for each 
fuel type category. This was felt to be an acceptable trade-off between speed and accuracy. 
 
 
Figure 2 – Typical error that is visually identified in the Elexon dataset. The data drops to zero for all categories for 
a couple of settlement periods. 
 
Error imputation 
Once each dataset (Elexon and National Grid) had been visually checked, the ‘ROWFLAG’ 
column was used in the dataframe to remove the entire row of fuel type and interconnector 
MW values, this left a gap in the dataframe for each of the rows manually flagged as having 
an error. A further step then imputed a value back into the missing row by linearly 
interpolating between an earlier and later value (rather than a missing value) in the column. 
This method was able to accommodate rowflag errors that occurred in sequential groups, with 
the longest error block having a length of 9. This method would not be appropriate if blocks 
of missing data were of much greater length. 
 
Merging datasets and calculation of ESPENI value 
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The ‘SDSP_RAW’ text based column in both the Elexon and National Grid cleaned datasets was 
used to merge them into a single dataframe. 
The ESPENI value (Elexon Sum Plus Embedded Net Imports) is a simple sum of all the columns 
prefixed with POWER in the ESPENI dataset. This calculated ‘POWER_ESPENI_MW’ column 
was added to the dataset. 
Data Records 
Raw ESPENI dataset 
A parsed EPSENI dataset with the error flags toggled, but with the original erroneous data left 
in place can be downloaded at https://doi.org/10.5281/zenodo.388485867 
The dataset has a filename: espeni_raw.csv, is in a comma separated file in utf-8 format. It is 
35Mb in size, has nearly 204000 rows of data and 24 columns. 
 
Cleaned ESPENI dataset 
The parsed EPSENI dataset with the error flags toggled, and with the original erroneous data 
deleted and imputed data saved in place can be downloaded at 
https://doi.org/10.5281/zenodo.388485867 
The dataset has a filename: espeni.csv is in a comma separated file in utf-8 format. It is 35Mb 
in size, has nearly 204000 rows of data and 24 columns. 
 
The columns in the ‘ESPENI’ dataset in both files (one raw and one cleaned) are shown in Table 
2. 
 
Table 2 - ESPENI dataset column names and description 
Column Name Description 
'ELEXM_SETTLEMENT_DATE' Date column e.g. 2020-03-30 
'ELEXM_SETTLEMENT_PERIOD' Values range from 01 to 50 
'ELEXM_UTC' Datetime in UTC 
'ELEXM_localtime' Datetime in localtime (subject to British summer 
time) 
'ELEXM_ROWFLAG' Error flag row: 0 indicates an error 
'NGEM_ROWFLAG' Error flag row: 0 indicates an error 
'POWER_ESPENI_MW' Sum of all other columns prefixed with POWER, 
value in MW 
'POWER_ELEXM_CCGT_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_OIL_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_COAL_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_NUCLEAR_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_WIND_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_PS_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_NPSHYD_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_OCGT_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_OTHER_POSTCALC_MW' Elexon fuel type power, value in MW 
'POWER_ELEXM_BIOMASS_POSTCALC_MW' Elexon fuel type power, value in MW 
'POWER_NGEM_EMBEDDED_SOLAR_GENERATION_MW' National Grid fuel type power, value in MW 
'POWER_NGEM_EMBEDDED_WIND_GENERATION_MW' National Grid fuel type power, value in MW 
'POWER_NGEM_BRITNED_FLOW_MW' National Grid interconnector power, value in MW 
'POWER_NGEM_EAST_WEST_FLOW_MW' National Grid interconnector power, value in MW 
'POWER_NGEM_FRENCH_FLOW_MW' National Grid interconnector power, value in MW 
'POWER_NGEM_MOYLE_FLOW_MW' National Grid interconnector power, value in MW 
'POWER_NGEM_NEMO_FLOW_MW' National Grid interconnector power, value in MW 
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Masterdatetime dataset 
The masterdatetime python code can be downloaded from 
https://github.com/iagw/masterdatetime.git 
The masterdatetime.csv is available to download from zenodo69 
The code generates the csv that is used to map the SDSP_RAW columns to create a utc and a 
localtime column for the Elexon and national Grid datasets. This can be used for any UK based 
dataset that needs to create datetime data from date and settlement period data. There are 
four Boolean columns of data that flag as true if the datetime value happens to be true, e.g. if 
the datetime value happens to be in a short day (any of the times in the short day) then the 
Boolean will show True. 
 
Table 3 column names and initial values in the masterdatetime.csv dataset 
datesp 2000-01-01_01 
settlementdate 2000-01-01 
settlementperiod 01 
utc 2000-01-01 00:00:00+00:00 
localtime 2000-01-01 00:00 
localtimeisdst FALSE 
short_day_flag FALSE 
long_day_flag FALSE 
normal_day_flag TRUE 
 
Copyright, Disclaimer and Reservation of Rights 
Although the Elexon data is publicly available (after signing in to Elexon’s website), it is 
important to note there is copyright and a disclaimer associated with Elexon’s data. This can 
be read on the Elexon webpage ‘Copyright, Disclaimer and Reservation of Rights’70 part of 
which states: 
 
No Warranty 
No representation, warranty or guarantee is made that the information accessible via this 
website, or any website with which it is linked, is accurate, complete or current. No warranty 
or representation is made as to the availability of this site or that the functions used or 
materials accessible or downloaded from this site will be uninterrupted or free of errors, viruses 
or other harmful components. To the fullest extent permitted by law, in no event shall ELEXON 
Limited be liable for any errors, omissions, misstatements or mistakes in any information 
contained on this site or damages resulting from the use of this site or any decision made or 
action taken in reliance of information contained in this site. 
 
The Energy Data Analytics Group approach is that the National Grid dataset, which can be 
downloaded without a login, has the data copyright assigned to National Grid and a ‘no 
warranty’ clause similar to Elexon. 
 
For the avoidance of doubt, the ESPENI data presented through this methodology from the 
Energy Data Analytics Group at the University of Birmingham continues this ‘No warranty’ 
clause from Elexon in full. 
 
Technical Validation 
Data Comparison 
Technical validation was carried out to compare the ESPENI values with values from the 
Department of Business, Energy and Industrial Strategy (BEIS) (believed to be the most 
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complete electrical system data) and Elexon. BEIS values are available at a quarterly 
granularity. 
Figure 3 shows that the aggregated quarterly values for Elexon’s generation data have been 
increasingly divergent from the official statistics from BEIS. This is due to additional data being 
available to BEIS, as it has access to metered data that is not publicly available. BEIS values will 
include generation that is not part of the balancing mechanism such as distributed generation 
from auto-generation such as Combined Heat and Power plants, solar and embedded wind 
generation. It is this non-balancing mechanism data that is thought to explain much of the 
difference between the Elexon generation data and the metered data used by BEIS. 
 
Although the BEIS data is more complete, it is not useful to analyse the changing levels of 
generation at a half-hourly level; researchers have therefore typically used the publicly 
available Elexon data, however. BEIS data on UK electrical generation and demand is available 
through the Energy Trends (ET) data publications, this is only available publicly at monthly or 
quarterly granularity 71. ET 5.5 outlines the availability and consumption of electricity broken 
down to monthly granularity, on a country and consumer type basis. The data from Northern 
Island (NI) on sales of electricity to consumers is used to correct the UK data to represent GB 
demand. The major mitigation with using ET 5.5 is the absence of on-site generation within 
the demand data. ET 5.1 includes auto-generation but is limited to quarterly granularity and 
UK only. As with ET 5.5, ET 5.1 also includes transmission and distribution losses. The quarterly 
profile from ET 5.1 on Energy Supplied, with the quarterly NI demand deducted, is used to 
represent official GB demand in Figure 3. 
 
  
       a)            b) 
Figure 3 - Comparison of BEIS ET5.1 with ESPENI and ELEXON values a) Quarterly Electrical Supply totals from BEIS 
ET5.1, ESPENI and ELEXON, b) Quarterly Electrical Supply totals, BEIS percentage difference from ESPENI and 
ELEXON. 
Figure 3 shows the increasing disparity between the BEIS GB demand data and the publicly 
available Elexon data. ESPENI has a lower disparity due to the inclusion of part of the auto-
generation in the form of embedded solar and wind generation from publicly available 
National Grid data. ET 5.1 reports 54.6 TWh of generation from auto-generators in 2019. The 
difference in total GB electricity demand from BEIS and Elexon in 2019 is 52.2 TWh, however 
between BEIS and ESPENI it is 32.2 TWh. A considerable fraction of this disparity is thought to 
originate through the absence of publicly available half-hourly CHP generation data. The 
Digest of United Kingdom Energy Statistics (DUKES) reports in the DUKES 7.4 dataset, that the 
electrical generation from CHP’s was 22.8 TWh in 2018, this is the most recently reported CHP 
generation yearly totals72. The yearly values for CHP generation have risen about 1.2 TWh per 
annum, since first recorded in 2014.  
 
National Grid ESO in the Electricity Capacity Report submitted to BEIS in May 2019 reported a 
year on year rise in distributed generation capacity across a number of scenarios 73. It reported 
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an increase from 18.2 GW of capacity in 2018 to between 21.4 – 25.7 GW of capacity in 2023. 
As distributed generation increases so will the disparity between BEIS data and Elexon 
aggregated data. The ESPENI methodology presented here enables the gap to be reduced 
between the two, providing a more robust and accurate dataset for GB electrical demand to 
allow more detailed sub-daily analysis. 
 
However, it is important to note that although ESPENI is felt to be more robust than the 
ELEXON dataset, it is only representative of about 90% of the electrical energy as reported by 
BEIS. It is unclear when the additional electrical energy is created, so a working  hypothesis 
would be that it follows a similar profile as the EPSENI profile. Overtime, this is an area where 
legislation may have an opportunity to address, so that non-balancing mechanism generation 
is aggregated by fuel type and made publicly available. 
 
Errors 
Table 4 indicates there was no discernible pattern to the occurrence of the errors across the 
years of analysis, and that the amount of errors was a small percentage of either dataset. This 
again points to the high quality of the raw data from both Elexon and National Grid. 
 
Table 4 – Annual count of errors in the Elexon and National Grid raw data 
Year Errors flagged in 
Elexon data 
Errors flagged in 
National Grid 
data 
2008 18 0 
2009 54 0 
2010 45 0 
2011 27 0 
2012 26 0 
2013 11 0 
2014 27 0 
2015 14 0 
2016 25 0 
2017 12 0 
2018 22 0 
2019 29 0 
2020 12 3 
Total 322 3 
Number of rows 202612 202612 
% errors flagged 
in raw data 0.16% 0.0015% 
 
As of 2020-05-29, the 322 flagged errors in the Elexon raw data were contained within 147 
separate blocks of errors. The occurrences are detailed against the length of these blocks 
(the sequential number of errors) in  
Table 5.  
 
 
 
 
 
   
 
12 
 
Table 5 – Number of occurrences versus the length of the sequential block of errors for Elexon raw data. 
Length of error 
block in raw 
Elexon data 
Number of 
occurrences 
1 70 
2 31 
3 17 
4 15 
5 10 
6 1 
7 2 
8 0 
9 1 
Total 147 blocks 
 
Code Availability 
The code for creating the masterdatetime csv is available through zenodo74 
(https://zenodo.org/record/3911669). This also contains as yaml environment file with the 
details of the python version (3.8) and the other python packages needed to run the 
masterdatetime code. 
The parsing of Elexon and National Grid to an ESPENI raw dataset (with no toggled flag values 
or interpolation of toggled flag values) is available through zenodo75 
(https://doi.org/10.5281/zenodo.3911668) 
Any code queries should be directed to Dr Grant Wilson: i.a.g.wilson@bham.ac.uk 
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